Superannuation in Australia represents the largest investment in the country in the managed funds industry. Yet, people without appropriate qualifications are required to make financial decisions for their future under government legislation. We capture complexity and uncertainty as a way of explaining key decisions, using partial least squares structural equation modelling (PLS-SEM). Complexity explains key decisions more than uncertainty. Based on the answers given to open-ended questions, members are at a loss to make key decisions for their future, partly due to the non-transparency of superannuation and changing government rules.
Introduction
Superannuation funds in Australia represent the largest investment in the country within the managed funds industry. The Australian Prudential Regulation Authority (APRA) reports assets under management of $2.1 trillion as at 30 June 2016 [1] . Furthermore, superannuation funds represent one of the largest investment areas in the Australian economy [2] . According to the OECD, in 2014
Australian assets under management regarding superannuation funds represented 110% of the GDP; the contribution by employees (includes voluntary contributions), employers and the government was 7.5% of the GDP [3] . Yet, people without appropriate qualifications are required to make financial decisions for their future under government legislation. That is, the Australian population is expected to select types of asset allocations, or select pre-mixed options where DOI: 10.4236/tel.2018. 811135 2064 Theoretical Economics Letters asset allocations are determined by trustees [4] . Various studies have reported complexity and/or uncertainty in relation to Australian superannuation funds [5] - [12] . In this article, we are the first to capture complexity and uncertainty (latent constructs) as a way of explaining the key decisions made by members using partial least squares structural equation modelling (PLS-SEM).
The Australian federal government recently promised to encourage innovative retirement products designed to minimise market risk, inflation risk and longevity risk (see the Financial System Inquiry by [13] ). Superannuation funds therefore have a greater incentive to create products that are more complex 1 . On the other hand, the latest survey results of financial literacy 2 in Australia show that adult understanding of superannuation declines as members' age rise, suggesting that an increasing number of members lack the financial knowledge and its application to selected superannuation investments. The complexity of superannuation products and uncertainties relating to members can further hinder the engagement of fund members.
The ability to understand superannuation products and make investment decisions has a direct impact on members' future personal welfare. Earlier studies find that Australian investors are unable to distinguish high-performing superannuation funds [14] . More recently, [15] report a significant heterogeneity in the appropriateness of superannuation savings in Australia, and conclude that a one-size-fits-all approach will not work. Using survey data on a sample of members of UniSuper-one of the largest superannuation funds in Australia-we provide new evidence on the impact of complexity and uncertainty in explaining key decisions made by fund members.
Superannuation funds will continue to rise, with the current legislated employer contribution set to increase from 9.5% to 12% of income by July 2025 [16] . The Australian federal government's recommendation is that investors consolidate their retirement savings into a single fund [17] . Reference [18] finds that, during the global financial crisis of 2007-2009 the majority of fund members did not change their investment strategies; furthermore, those who did change their investment strategies reduced their exposure to equity when the market was at its lowest, thus locking in losses. In addition, some research also finds that individuals who are the most active in investing in discretionary Australian superannuation products perform worse than their peers [7] . It is, therefore, important to further explore whether complexity and uncertainty drive key decisions by members. 
Core Conceptual Framework
We further develop the survey instrument in this section (see Appendix). Reference [19] highlight the problems with an ageing population in terms of cognitive decline, and thus, falling financial literacy. Reference [20] report that, as cognitive function declines investments decline and reduced participation in financial markets follows. A focus group study by [6] reports that people of all ages understand the significance of superannuation but consider complexity and uncertainty (behavioural drivers) as challenges. The authors report complexity as proliferation of planning tools, investment choices (Q2), insurance products (Q1), difficulty of navigating superannuation funds (Q4), various investment strategies (Q3), and fees and charges (Q5). They discuss uncertainty in the context of marital status (Q1), relocation, raising children (Q2), health (Q4), and employment opportunities (Q3) (see the Appendix). Reference [6] also relate lack of confidence to complexity and uncertainty.
We now turn to other literature that further supports the survey items selected. Reference [21] indicate that, in order to reduce complexity, individuals use shortcuts for processing large quantities of information, but this approach can result in incomplete analysis and errors. Reference [11] report that more complex pension plans significantly raise costs and reduce savings; we include fees and charges in the survey for complexity. Reference [10] state that Australian superannuation savings are facing high regulatory complexity.
Reference [8] raises the issue of uncertainty in relation to financial market outcomes on investments; this is the reason we question the members about their confidence under uncertainty (Q5). Similarly, reference [9] raises the issue of investment risk, but also focuses on political risk (members earning less due to changes in regulation) and longevity risk (members outliving savings); health is included under the questions on uncertainty to address longevity risk. Reference [12] further states that because of the reliance on investment gains and risks such as longevity, Australian superannuation funds need protection from the consequences of the globalised financial system. The problem of low financial literacy is more relevant in lower income individuals who consistently underperform on financial literacy assessments [22] .
Method and Data

Method: Partial Least Squares Structural Equation Modelling (PLS-SEM)
For the first time in this field, we apply PLS-SEM to evaluate how the two exogenous constructs explain the endogenous construct, i.e. complexity and uncertainty explain key decisions made by members (see Figure 1 ). PLS-SEM is a non-parametric, multivariate approach based on iterative OLS regression designed to maximise explained variance in latent constructs [ PLS-SEM is known to be an appropriate method when working with composite models of prediction in exploratory research; it is also robust with skewed data [25] [26] .
It is particularly relevant with data found in business databases where distributional constraints are not likely to be met. The three main reasons for selecting the PLS-SEM approach are small sample size, presence of formative indicators, and non-normal data (see Table 1 in [27] ). The reader is referred to [28] for a detailed exposition of PLS-SEM.
PLS-SEM has been used in various disciplines such as accounting [29] , health care [30] , management information systems [31] , marketing and strategic management [32] , operations management [33] , supply chain management [34] , and tourism [35] . As a predictive method, PLS-SEM has a wide spectrum of practical applications to managerial challenges. PLS-SEM does allow for critical exploratory research to be undertaken without assuming, say, multivariate normality or large sample sizes that may not be feasible. As such, PLS-SEM can be used to lay the foundation for further studies using methods that make stricter assumptions about the underlying data and sample size.
PLS-SEM models consist of three main components, namely, the structural or inner model (i.e. three constructs in Figure 1 ), the measurement or outer models (i.e. the formative and reflective indicators), and the weighting scheme. A group of indicators (manifest variables) associated with a latent construct is referred to as a block, and an indicator can only be associated with one construct. [36] . For the current study, Figure   1 shows the PLS-SEM theoretical model with formative indicators (sources of complexity and uncertainty) and reflective indicators (consequences of key decisions by members). Path coefficients and their significance will determine how much the key decisions by members are explained by the two exogenous constructs, namely, complexity and uncertainty.
Reference [37] discuss the differences between PLS-SEM and covariance based SEM (CB-SEM). CB-SEM can be used to investigate relationships among latent constructs indicated by multiple variables and expects multivariate normal distribution and large samples compared to the population. CB-SEM follows a confirmatory approach to multivariate analysis where the researcher theorises about causal relations among the variables of interest, i.e. this is not exploratory research. Measurement error structures can be modelled via a factor analytic approach in CB-SEM, but it comes at the cost of covariances among the observed variables conforming to overlapping proportionality constraints, i.e. measurement errors are assumed to be uncorrelated [38] . CB-SEM assumes homogeneity in the observed population [39] . Such constraints are unlikely to hold unless latent constructs are based on a highly developed theory and the measurement instrument is refined through multiple stages.
Two of the advantages of PLS-SEM over CB-SEM are (a) a focus on predicting dependent latent variables [40] [41], often a key objective in empirical studies, 
Data
Australian superannuation funds are divided into three main types In terms of complexity, we focus on the number of insurance products, investment options and strategic asset allocations. We then ask a further two ques- other. We set eight age groups from the youngest of "18 -25" to the eldest group of "56 or older"; interestingly, the eldest age group accounts for 25% of the sample, the highest proportion among all the age groups, followed by the age groups of "51 -55" (16%), "36 -40" (13%), "31 -35" (12%), "41 -45" (11%), "46 -50" (11%), and "26 -30" (8%). The youngest group (18 -25) only stands for 4%, the lowest proportion among the eight groups.
The majority (84%) of our sample respondents hold a bachelor degree or above; specifically, 32% hold a PhD, 31% hold a bachelor degree, and 21% hold a Masters degree. About three-quarters of our respondents work full-time; the remainder is part-time (13%) and sessional staff (11%). The income bracket of our respondents ranges from "0 -$10,000" (1%) to "above $160,000" (8%), with a sample median of "$80,001 -$100,000". As to the number of dependents, over half of the sample respondents have no dependent children; about 37% of the respondents have one or two children; only 7% have three or more children.
Notably, some respondents provided an open answer to this question, saying that even though they do not have dependent children at present, they plan to provide financial support to their grown-up children as needed, for example when their children purchase their first homes. Finally, most of our sample respondents have been with UniSuper for at least three years (91%) and 59% of respondents been with UniSuper for at least 10 years.
PLS-SEM Analyses and Robustness Tests
In this section, we explain the variation in key decisions based on complexity and uncertainty through PLS-SEM, and run robustness testing. We begin by outlining the important statistical criteria for the reflective measurement model 
Reflective Measurement Model
1) Internal consistency: According to references [32] and [27] , composite reliability is a better measure of internal consistency because it avoids underestimation with Cronbach's alpha; it also allows for differences in indicator reliabilities expected by PLS-SEM. A composite reliability of 0.6 is acceptable in exploratory research [32] but values above 0.95 indicate redundancy [28] . Composite reliability is relevant for the reflective measurement model. In the original analysis with 15 indicators, composite reliability is 0.648.
2) Indicator reliability: Outer loadings greater than 0.7 are desirable [44] .
The square of this standardised outer loading is communality, that is, the variation in the indicator explained by the endogenous construct; 1 minus communality reveals the measurement error variance. Reference [32] mention that outer loadings as low as 0.4 are acceptable in exploratory research; if less than 0.4, the reflective indicator can be deleted. Figure 2 shows that the outer loading for non-concessional contributions is significantly less than 0.4 (i.e. 0.303) and
should be considered for removal.
3) Convergent validity: Preferred average variance extracted (AVE) is greater than 0.5; this ratio implies that more than 50% of the variance of the reflective indicators has been explained by the latent variable. AVE is interpreted in the context of the reflective measurement model. When examining reflective indicator loadings, it is desirable to see higher loadings in a narrow range, i.e. convergent validity [45] . AVE is 0.293 (low) and the reflective indicator loadings are in the range of 0.303 -0.837 before deletions.
4) Discriminant validity:
The Fornell-Larcker criterion states that the square root of AVE must be larger than the correlation of the reflective construct with [28] ; this criterion is not applicable to formative measurement models and single-item constructs. The square root of AVE is 0.541 and is greater than the construct correlations. 
Formative Measurement Model
Structural Model
If the reflective and formative measurement models are not reliable, we become less confident in the structural model. An analysis of the structural model is an attempt to find evidence supporting the theoretical model, i.e. the theorised relationships between exogenous constructs (i.e. complexity and uncertainty) and the endogenous construct (i.e. key decisions).
1) Predictive accuracy, coefficient of determination (R 2 ): This statistic in-
dicates the extent to which the exogenous constructs are explaining the endogenous construct. According to reference [28] and [44] , an R 2 of 0.25 is weak, Theoretical Economics Letters 0.50 is moderate and 0.75 is substantial. Unless the adjusted R 2 is used (for a formal definition, see [28] , p.199), this coefficient can be upward-biased in complex models where more paths are pointing towards the endogenous construct.
Our adjusted R 2 equals 0.205.
2) Predictive relevance (Q 2 ): This statistic is obtained by the sample re-use technique 'Blindfolding'. Omission distance is set between 5 and 10, where the number of observations divided by the omission distance is not an integer [28] .
For example, if you select an omission distance of 7, then every 7th data point is omitted and parameters are estimated with the remaining data points. Estimated parameters help predict the omitted data points and the difference between the actual omitted data points and the predicted data points becomes the input to the calculation of Q 2 . Blindfolding is applied to endogenous constructs with ref-
lective indicators. It is indicative of the path model's predictive relevance in the context of the endogenous construct if Q 2 is higher than zero. Q 2 is 0.049 (low).
3) Assessing the relative impact of predictive relevance (q 2 ): Following on from the above analysis of predictive relevance, q 2 effect size can be calculated by excluding the exogenous constructs one at a time ( [28] , p.207). According to reference [28] and [46] , an effect size of 0.02 is considered small, 0.15 is mod- Let us summarise the original analysis before deletion of indicators. The internal consistency and discriminant validity of the reflective measurement model is healthy; however, there are some questions about indicator reliability (one reflective indicator is highlighted for removal) and convergent validity. With the formative measurement model, collinearity among indicators is not an issue, but convergent validity is low, and three formative indicators are highlighted for deletion. Regarding the structural model, predictive accuracy and relevance are low and other criteria such as effect size is mixed.
We proceed to delete the reflective indicator non-concessional contributions, and formative indicators children, health and insurance, and re-run the analysis (see Figure 3 ). The adjusted R 2 is the same at 0.205 but other criteria improve.
Composite reliability (internal consistency) rises from 0.648 to 0.660; average variance extracted (convergent validity) rises from 0.293 to 0.348; Q 2 (predictive relevance) rises from 0.049 to 0.060; and, q 2 (relative impact of predictive relevance) values rise to 0.010 and 0.060.
Robustness Tests
We now focus on the sub-sample "51 years or older" with the reduced model (N An alternative to PLS-SEM was introduced by [47] [48] as generalized structured component analysis (GSCA) . We apply GSCA as a robustness test because it belongs to the same family of methods. Both PLS-SEM and GSCA are variance-based methods appropriate for predictive modelling and they substitute components for factors. GSCA retains the advantages of PLS-SEM such as fewer restrictions on distributional assumptions (i.e. multivariate normality of observed variables is not required for parameter estimation), unique component score estimates, and avoidance of improper solutions with small samples [47] , [49] . As reference ( [50] , p.174) clearly point out "…comparison of PLS to other methods cannot and should not be applied indiscriminately." We re-state that CB-SEM is not a feasible or meaningful alternative to PLS-SEM under the conditions of the current study, where the sample size is small compared to the population, formative indicators are present and the theorised model is exploratory.
We use the web-based GSCA software GeSCA (http://www.sem-gesca.org/) for robustness testing. As can be seen in Table 2 
Concluding Remarks
We undertook this research project to explain key decisions taken by UniSuper members, such as salary sacrificing. Based on an online survey, complexity appears to explain key decisions more than uncertainty. Overall, the variation in The govts are 100% trustworthy that they will move the goalposts that I am planning my financial future upon. This is my money and they have forgotten Default (pre-mixed) option, e.g. Capital stable, Conservative Balanced, Balanced, etc. 3 Scoring system based on performance objectives and expected frequency of negative annual return (higher score indicates a more risky investment) -Pre-mixed options: Capital stable (1); Conservative balanced (2); Balanced (3); Sustainable balanced (4); Growth (5); Sustainable high growth (6);
High growth (6) . Sector options: Cash (1); Australian bond (2); Diversified credit income (3); Australian equity income (4); Listed property (5); Global environmental opportunities (6); International shares (6); Australian shares (7); Global companies in Asia (7) . If multiple items are indicated, we assume equal weights and take the average score. Theoretical Economics Letters 
